Wetlands are valuable natural resources that provide many benefits to the environment, and thus, mapping wetlands is crucially important. We have developed land cover and wetland classification algorithms that have general applicability to different geographical locations. We also want a high level of classification accuracy (i.e., more than 90%). Over that past 2 years, we have been developing an operational wetland classification approach aimed at a Newfoundland/Labrador province-wide wetland inventory. We have developed and published several algorithms to classify wetlands using multi-source data (i.e., polarimetric SAR and multi-spectral optical imagery), object-based image analysis, and advanced machine-learning tools. The algorithms have been tested and verified on many large pilot sites across the province and provided overall and class-based accuracies of about 90%. The developed methods have general applicability to other Canadian provinces (with field validation data) allowing the creation of a nation-wide wetland inventory system.
1. Introduction
What are wetlands?
Wetlands are among the most productive and biodiverse ecosystems in the world, covering an estimated 5-10% of the total global land surface [1] . For comparison, forests (the most dominant terrestrial ecosystem) make up an estimated 30% of the total global land surface [2, 3] . Though the term wetland has various definitions depending on the country of origin or application, most definitions share three common characteristics: the presence of water at or near the surface, the presence of unique soil conditions, and the presence of vegetation adapted to the wet conditions [4, 5] . Despite these commonalities, wetlands manifest in a variety of forms that have resulted in the production of numerous classification systems [6] [7] [8] .
Wetlands form as a result of complex interactions among climatological, geological, geographical, geomorphological, chemical, floral, and faunal components of the environment [5, 9] . Variations within each of these environmental components and the way in which these components interact can produce wetlands that, while sharing similarities in the sense that they have a water table near the surface or vegetation adapted to wetland conditions [5] , appear to be vastly different. The umbrella of wetlands includes ecosystems such as flooded forests with tall trees, sprawling tree-less bogs, rice paddies [10] , and even transitory pools of water present only during the rainy season [11] . Certainly, what is, and is not, considered a wetland depends on governing body, location, and area of study [7] . In Canada, one wide-spread classification system describing these variable ecosystems is the Canadian Wetland Classification System (CWCS) [8] . See Table 1 and Figure 1 for examples of wetland classes described by the CWCS.
Although a popular topic today, the biology and beneficial services provided by wetlands were historically not well understood, and in the face of growing global populations and increasing urban and industrial sprawl, wetlands have been extensively lost and damaged [12, 13] . Currently, it is estimated that between 54 and 70% of the world's wetlands have been destroyed of damaged [1, 13] . Threats to wetlands today include not only land-use conversion but also complex global phenomena such as climate change [14] . This loss in turn has resulted in a decrease in the quality and quantity of locally and globally important ecosystem services that are often difficult to replace [15] .
Wetlands functions and services
In recent times, there has been increased interest in wetlands due to both the historic and present rates of loss and a better understanding of the benefits wetlands provide to humans, other animals, and plants. These benefits, generally referred to ecosystem values or services, are the result of the natural functional processes that wetlands carry out through interactions
Wetland class Wetland description

Bog
Peatland dominated by Sphagnum moss species and ericaceous shrubs, receiving water only from atmospheric sources.
Fen
Peatland dominated by graminoids (sedges and grasses and brown mosses, receiving water from multiple (precipitation, ground, surface) sources.
Swamp
Peatland or mineral wetland dominated by woody vegetation, potentially with standing water during certain times of the year.
Marsh
Mineral wetland dominated by hydrophytic emergent vegetation such as emergent graminoids and forbs, with standing or moving water.
Shallow water Mineral wetland dominated by submerged or floating vegetation, with standing water up to two meters deep. Table 1 . Canadian wetland classes [8] .
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and feedback among their geographical, morphological, chemical, floral, and faunal components [16] . These functions are the natural processes wetlands conduct outside of the context of humans, and services are the benefits humans derive from wetlands, upon which monetary or well-being value may be derived [16] . Functions can include, for example, water storage or nutrient cycling, while associated services include flood protection, reduction of downstream nutrient loading respectively [16, 17] . Wetlands of different types [6, 8] carry out different functions and different rates, and thus, different types of wetlands provide different kinds of services of variable quality (see Table 2 ).
The types of services wetlands provide can range from recreational to natural disaster mitigation [16, 18] . For example, wetlands of many types support biodiversity at rates disproportionate to their area [1] and provide habitat for numerous unique or threated species [19, 20] . At regional and local scales, wetlands play roles in flood risk reduction, drought mitigation, shoreline protection, nutrient cycling, pollutant and sediment filtering, and recreational activities such as berry picking or fowl hunting [3, 16, [21] [22] [23] . In some parts of the world, local economies rely heavily on wetlands in the form of fishing, agriculture, and peat-harvesting [24] [25] [26] . Numerous studies have shown the direct effects of wetland loss on humans both in terms of monetary and quality of life [27, 28] . At a global scale, wetlands play important roles in biogeochemical cycles and are of importance in considering the effects and mitigation of a changing climate [14, [28] [29] [30] ].
Canadian wetlands
In Canada, the national estimate of wetland extent states that there is 150 million hectares (1.5 million km 2 ) of wetlands, making up roughly one-fourth of global wetlands [8, 20] . Based on estimates of land-area, Manitoba, Ontario, Newfoundland and Labrador (NL), and Saskatchewan have the greatest extents of wetlands, the majority of which are composed of peatlands [4] . It has been estimated that up to 70% of Canada's non-peat wetlands have been lost [8] . The loss of Canadian wetlands has been documented as far back as the seventeenth century, during which around 85% of the salt marshes in the Bay of Fundy were drained by Acadian settlers [31] . Although wetlands and the services they provided were generally poorly understood, the impact of their loss was felt by communities reliant on those services. The Mi'kmaq, for example, noted the decreased presence of ducks and geese in and around the Bay of Fundy during the time of Acadian drainage [31] . More recently, flooding in provinces like Manitoba has been partially attributed to wetland loss [32] . Despite such extensive loss, Canada continues to rank as one of the countries containing the greatest extent of wetlands [33] , making up 24% of the total global wetlands [8] .
The province of NL has an estimated 18% of its land area covered by wetlands, 17% of which is peatlands [4] . The dominance of peatlands (bogs, fens, and swamps) in NL is expected, given both the oceanic climate [34] and deglaciation roughly 10,000 years ago [35] that created landscape features such as depressions and ponds that are ideal for peatland development via terrestrialization (i.e., the process of vegetation occupying the saturated land adjacent to the lake encroaching further into the lake while depositing and building litter resulting in, over time, the filling of the lake) [36, 37] . Additionally, extensive areas of poorly drained soils and acidic and nutrient poor seepage waters, a result of the type of dominant bedrock, contribute to broad peatland coverage in the eastern portion of the island [34] . Other wetlands, such as marsh and shallow water, are comparatively less prominent both in size and number. NL has yet to conduct a province-wide inventory and, until recently, was the only Atlantic Canadian province that had not yet initiated one [26, 38] . Recently, a project conducted between 2015 and 2017 began the process of inventorying wetlands in the province through the development of a remote sensing-based methodology to inventory wetlands down to five classes (bog, fen, swamp, marsh, and shallow water [26, 38] .
Effective management and protection of not only wetlands in NL but also wetlands around the word requires the development and application of numerous methodologies, including but not limited to inventories and maps, water level and vegetation monitoring, and condition assessment. Historically, these methods would require extensive, costly, and time-consuming in situ field work campaigns, and unfortunately, given the expansive nature or wetlands and the rate at which these ecosystems are being lost, in situ methods are infeasible. This is not only due to the cost and time budgets but also because most wetlands are located in remote areas that make field visits difficult or impossible [39] . These problems can be effectively addressed through applying remote sensing methods, and a suite of such applications can be seen in various researches being conducted currently in NL, including the use of synthetic aperture radar (SAR) and optical imagery for wetland classification and mapping [26, 38, 40, 41] and wetland water level monitoring [42] .
Remote sensing of wetlands
Given the current need for up-to-date wetland inventories, as well as the widespread coverage of wetland, remote sensing (RS) has been demonstrated to be the most efficient and costeffective method for wetland mapping, classification, and monitoring [19] . Since 2016, we have been working on developing state-of-the-art algorithms using remote sensing technologies for operational wetland classification. For more information on our ongoing wetland work, please refer to (www.nlwetlands.ca). The following sections present a summary of our developed methods, discussed in more detail in our journal publications. For a list of these publications, please see Conclusion.
Wetland classification using SAR data
SAR is an active imaging system, capable of recoding the electromagnetic spectrum at much longer wavelengths compared to optical sensors. Unlike optical sensors, which collect ground target information at the cellular and molecular level, SAR sensors are responsive to physical (e.g., water content and size) and structural (e.g., roughness) characteristics of ground targets [43] . Over the past two decades, synthetic aperture radar (SAR) sensors have provided valuable data for wetland vegetation mapping. In particular, they are of great use when the efficiency of optical sensors is hampered by cloud cover and day/night conditions. Furthermore, SAR signal penetration depth through vegetation and soil offers additional information unavailable from optical remote sensing data [44, 45] . This is of great importance for monitoring the flooding status of vegetation due to enhanced double bounce scattering effects. Notably, the primary characteristics of SAR signals, such as wavelength, polarization, and incidence angle, with regard to key specifications of the ground targets, such as dielectric constant, roughness, and structure, determine the amount of SAR backscattered energy detected by SAR sensors [43] . Despite these benefits, SAR images are affected by speckle noise that degrades the radiometric quality of image, imposing challenges for several subsequent SAR processing tasks [46, 47] . Fortunately, Mahdianpari et al. [41] demonstrated the effect of applying an efficient despeckling method on the accuracy of wetland classification.
SAR wavelength
SAR wavelength is another influential factor for wetland vegetation mapping. To date, most SAR satellites have operated in three microwave bands, including X-, C-, and L-bands with wavelength of 3.1, 5.6, and 23.6 cm, respectively. Each wavelength has its own advantages and disadvantages. The selection of an appropriate SAR wavelength depends on the wetland classes since the interaction of SAR wavelengths varies widely with different vegetation types depending on their size. For example, longer wavelengths (L-band) can pass through the vegetation canopy and detect water beneath the flooded trees and/or dense vegetation. Accordingly, several studies reported the superior capability of L-band relative to the shorter wavelengths (e.g., C-and X-band) for monitoring woody wetlands (e.g., swamp), since the incident SAR signal interacts with larger trunk and branch components [48, 49] . In particular, L-band holds great promise in discriminating between forested wetland (e.g., swamp) and dry forest [45, 50] . However, shorter wavelengths are preferred for monitoring herbaceous vegetation because SAR wavelength and vegetation canopies (e.g., leaf) are relatively the same size [51] .
Observations from SEASAT L-band data were among the first applications of SAR data for mapping the flooding status of vegetation [52, 53] . Later studies confirmed the suitability of Lband observations for mapping inundation in forested wetlands using JERS-1 and ALOS PALSAR-1 [50, 54] . Following the successful launch of C-band satellites, such as ERS1/2 and RADARSAT-1, several studies have also examined the capacity of C-band observation for wetland mapping. Most of those early studies reported the superior capability of L-band for mapping forested wetlands relative to C-band [44, 55] .
SAR polarization
Overall, the HH polarized signal has been the most efficient for monitoring the flooding status of vegetation, since it is more sensitive to double bounce scattering associated with tree trunks in swamp forest and stems in freshwater marshes [54, 56] . VV polarization can also be useful when plants have begun to grow in terms of height but have a less developed canopy [51] . This is because in the middle of the growing season the vertically oriented structure of vegetation enhances the attenuation of VV polarization signals and, as such, the radar signal cannot penetrate to the water surface below the vegetation [48] . Cross polarization observation (HV and VH) has also been characterized as being highly sensitive to differences in biomass [57] .
Wetland mapping using PolSAR data
Although single-polarized SAR data have been less useful for wetland classification, they have demonstrated great promise for monitoring open water surfaces in different applications, such as water body extraction and flood mapping [57] . This is because of the side-looking data acquisition geometry of SAR sensors. In particular, a large portion of the microwave signals transmitted to calm open water are scattered away from the SAR sensor, and therefore, open water appears dark in a SAR image, making it distinguishable from surrounding land [45] . Unlike singlepolarized SAR data, polarimetric SAR (PolSAR) imagery was found to be extremely useful for wetland vegetation mapping. This is because a full polarimetric SAR sensor (e.g., RADARSAT-2) collects the full scattering matrix, providing comprehensive information about ground targets for each imaging pixel [58] . Furthermore, PolSAR data allow the employment of polarimetric decomposition techniques to identify the different backscattering mechanisms of the ground targets and, accordingly, regions of flooded vegetation [45, 49, 59] . Unlike coherent decompositions (e.g., Krogager decomposition), which are only useful for man-made structures with deterministic targets, incoherent decompositions determine the relative contributions from different scattering mechanisms. Thus, they may be more efficient for obtaining information from natural scatterers, such as wetland ecosystems [59] [60] [61] . Cloude-Pottier, Freeman-Durden, Yamaguchi, Van Zyl, and Touzi decompositions are among the well-known incoherent decomposition techniques useful for wetland mapping using PolSAR data [45, 49, 61, 62] .
Despite the efficiency of the polarimetric decomposition technique to characterize different scattering mechanisms of ground targets that correspond to different wetland classes, the accuracy of wetland classification could be improved. This is attributed to both the highly dynamic nature of wetland ecosystems and the similarity of different wetland classes. The former of which can be alleviated by using multi-temporal SAR data to accurately characterize wetland dynamics during growing seasons [41, 51, 61, 62] . Furthermore, some studies employed a large number of input features to tackle the problem of similarity between different wetland classes [63] . Despite the promising results obtained from such an approach to date, it may not necessarily be optimal approach due to both computational complexity and redundant information within a large number of input data. Furthermore, some wetland classes can be easily distinguished using a minimal of input features. For example, the shallow water class can be easily separated using a SAR backscattering analysis and employing a threshold. However, this similarity is more pronounced among herbaceous wetlands, indicating the necessity of incorporating a larger number of input data [45] . As such, a hierarchical classification scheme can be useful to optimize the number of input features according to the similarity of wetland classes, which should be distinguished at each classification level. Some recent studies also noted that the discrimination of wetland classes can be further increased by applying a feature weighting approach using the Fisher Linear Discriminant Analysis technique [61, 64] . Such an efficient approach eliminates the necessity for the inclusion of large number of input data.
Wetland mapping using compact polarimetry data
The information content within SAR data increases given the polarization hierarchy, starting from single polarization to dual polarization and reaching both compact and full polarimetric data [65] . Specifically, fully polarimetric data are of great importance for land cover and, in particular, wetland mapping. Such a SAR sensor is constructed based on the standard linear basis (i.e., horizontal [H] and vertical [V]), wherein the sensor interleaves pulse with H and V polarization toward the ground targets and record both received polarizations simultaneously and coherently [65] . As such, the first disadvantage of full polarimetric SAR sensors is a time constraint because two orthogonal polarizations are transmitted alternately. Furthermore, such a configuration implies complexity due to doubled pulse repetition frequency, as well as an increase in the data rate by a factor of four relative to a single-polarized SAR system [65] . Accordingly, the image swath width of FP SAR images is halved, resulting in reduced coverage and an increase in satellite revisit time [66] . Finally, this configuration allows a limited range of incidence angles compared to that of single/dual polarization modes [67] .
An attractive alternative, which addresses the limitations of full polarimetric SAR sensors, is a compact polarimetry (CP) SAR configuration. The CP SAR image is expected to maintain polarimetric information as close as possible to that of full polarimetric SAR mode imagery while alleviating its primary limitations [68] . In particular, CP sensors collect a greater amount of scattering information compared to single-and dual-polarization modes while covering twice the swath width of full polarization SAR systems [69] . Thus, CP SAR configurations decrease the complexity, cost, mass, and data rate of a SAR system while preserving several advantages of a full polarimetric SAR system [70] . m-delta [71] , m-chi [72] , and m-alpha [73] are common decomposition techniques of compact polarimetry data. Importantly, the upcoming RADARSAT Constellation Mission (RCM), which will operate in the Circular Transmitting Linear Receiving (CTLR) mode, offers improved operational capabilities (e.g., ecosystem monitoring) along with a much shorter satellite revisit period. Specifically, RCM provides daily coverage over Canada with 350-km imaging swaths [74] . This is of great significance for highly dynamic phenomenon such as wetland complexes. Some recent studies reported the efficiency of simulated compact polarimetric data for wetland mapping [68, 75] .
Wetland monitoring using InSAR
Hydrological monitoring of wetlands is another subject of interest, since they are waterdependent ecosystems. SAR images have shown to be useful for wetland hydrological monitoring using both SAR backscattering responses [76] and a more detailed and sophisticated technique, Interferometric SAR (InSAR) [77] . This is because the flooded and non-flooded statuses of vegetation in wetland environments have distinct differences in radar backscattering responses that play an important role in the hydrological monitoring of wetlands. Specifically, a time series analysis of SAR backscatter signatures has offered information of seasonal patterns of flooding in wetland ecosystems, and the enhanced SAR backscatter signature of flooded vegetation has been examined in a number of studies [76, [78] [79] [80] [81] .
Although several studies reported the potential of InSAR for wetland water level monitoring, its application in wetlands presents challenges. This is primarily due to the substantial altering of reflectance and energy backscatter of wetland environments, even within hours or days [82] , and the low backscatter of the water surface. Under these conditions, interferometric coherence, which quantifies the degree of similarity of the same pixel in the time interval between two SAR acquisitions, cannot be maintained [51] .
Interferometric coherence is a quality indicator of InSAR observations. The variation of coherence in wetlands is a function of the complex mixture of several factors that contribute to coherence maintenance. The temporal baseline is one of the main parameters that hampers the application of InSAR for wetland monitoring [83] . Herbaceous vegetation, one of the most substantive components of wetland ecosystems, may easily lose coherence within a day or week. In the case of using shorter wavelengths (e.g., C-and X-band), interferometric coherence may be lost due to the shallow penetration depths of the shorter wavelengths. In contrast, longer wavelengths have deeper penetration depth but have been previously associated with longer temporal baselines (46 and 44 days for ALOS PALSAR-1 and JERS-1, respectively), which could cause a loss of coherence. However, this drawback has been addressed in the currently operating L-band SAR sensor (i.e., ALOS-2), wherein the temporal baseline is 14 days. Thus, ALOS-2 repeat-pass SAR images offer a promising source of data for wetland InSAR applications. Geometric decorrelation caused by different satellite look angles, volumetric decorrelation caused by vegetation volume scattering [83, 84] , the Doppler centroid effect, and co-registration error during interferometric processing [65, 85] are other sources of decorrelation over wetlands.
Despite these limitations, several studies reported the feasibility of InSAR for wetland water level monitoring. In particular, when the vegetation within or adjacent to standing water is able to backscatter the radar pulse toward satellite sensor, water level changes are observable from the phase data [86, 87] . Also, vegetation should not be too dense for the penetration of microwave energy [65] . The efficiency of the InSAR technique for wetland monitoring has been initially investigated in the Amazon floodplain [77] . Subsequent investigations have been carried out for a number of other wetland sites such as Florida Everglades [49, 77, 87, 88] , the Louisiana Coastal wetland [56, 89] , and China wetlands [89, 90] .
In addition to hydrological monitoring of wetlands using InSAR, the interferometric coherence can be used for other wetland applications, such as change detection and classification [51, 91] . This is because coherence has a diagnostic function and can be used along with SAR backscatter and polarimetric decomposition techniques for classification of different wetlands. Each feature has specific characteristics and, accordingly, plays a different role for discriminating wetland classes. For example, SAR intensity depends on the electromagnetic structure of the targets, while the interferometric coherence reflects their mechanical and dielectric stability. Thus, an integration of different input feature augments land cover information and improves classification accuracy of wetland types [51] .
Spectral and backscattering analyses of wetlands using multi-source optical and SAR data
Wetlands are complex landscapes and ecologically share similar characteristics. However, each wetland type contains its own specifications, which can be effectively investigated using various satellite imageries. In this regard, both optical and SAR data are the most common remote sensing data, which have so far proved to be significantly helpful in discriminating wetland species. Numerous types of features can be extracted from multi-source optical and SAR data. However, since all the extracted features cannot be inserted into a classification algorithm, the most important features should be selected for classification. As such, the best optical and SAR satellites, spectral bands, spectral indices, SAR features, SAR channels, backscattering mechanisms, decomposition methods, and textural features can be defined for wetland studies. To this end, various separability measures have already been developed and employed for differentiating wetland classes.
Before separability analysis, several pre-processing steps should be performed on the datasets, the most important being variance analysis of field samples. This should be carried out on both individual classes and class pairs. For this, Eqs. (1) and (2) can be used, respectively.
in which, x i indicates the value of a field sample; μ is the mean value of samples; N is the number of field samples in a feature; F indicates the Fisher-test; and Var B and Var W indicate the between and within variance values in each class pair, respectively. These two variance analyses are more important in the case of wetlands because they are complex environments, and thus, the field samples collected for a wetland class can contain high variance in satellite imagery, especially those acquired by the SAR systems. Figure 2 illustrates an optical spectral band and a SAR feature, for which the variations of field samples are high, and consequently, they should be removed before separability analyses as noisy and poor features.
So far, different separability measures have been developed, which can generally be classified into two categories: parametric and non-parametric. Unlike parametric methods (e.g. t-test), non-parametric techniques, such as Mann-Whitney U-test, do not assume a normal distribution of the samples and evaluate the separability of samples by their ranks [92] . Considering Wetlands Management -Assessing Risk and Sustainable Solutionsthe high variance of field samples of wetlands, the recommendation is to employ a nonparametric distance. After removing the poor features using variance analyses and obtaining the separability measures that each feature provides, the most effective features are inserted into a classification algorithm to produce a highly accurate wetland map. Landsat-8, Sentinel-2A, and ASTER) and SAR (Sentinel-1, RADARSAT-2, and ALOS-2) data in NL, Canada. As is clear from this table, the ratio features provided the highest separability measures.
NIR Brightness and
Red Edge
Brightness ratios are most efficient regarding the optical data, and the ratios of HH/HV and HH/TP obtained from RADARSAT-2 full-polarimetric data are the most important SAR features for separating wetlands.
Comparing the optical spectral bands, the NIR and Red Edge bands are most effective for discriminating wetland classes. Two main characteristics of wetlands are vegetation and water, which can be efficiently studied by these two bands. This demonstrates that it is more efficient to use the optical satellites, in which both NIR and Red Edge bands are included (e.g. Sentinel-2A and RapidEye). In this regard, Sentinel-2A, which provides free imagery, is superior for employment in operational wetland mapping and monitoring. The red band is also helpful in separating wetlands, especially discrimination between bog and other wetlands, because of bogs' red appearance. Additionally, there is a high overlap between the spectral signatures of wetlands in the green, SWIR, and TIR bands, and thus, there is a difficulty in using these bands for wetland studies. Finally, the blue band is not very useful in most of the cases.
Comparing various decomposition methods, including Freeman-Durden, Cloude-Pottier, Touzi, Van Zyl, Yamaguchi, and Krogager, it is observed that coherent decomposition techniques, such Krogager, are not recommended for wetland classification. The reason is that the coherent decompositions are mostly applicable for detecting man-made features in urban areas and less useful for naturally distributed targets such as wetland classes [93] . In addition, the Cloude-Pottier and Freeman-Durden methods are most optimum for separating wetland species. In this regard, the volume scattering component of Freeman-Durden and Anisotropy element of Cloude-Pottier are generally the best. Moreover, some SAR features extracted from the eigenvalue/eigenvector of the coherency matrix demonstrated a high potential for separating wetland class pairs and all wetland classes. In this regard, the serd, normalized serd and normalized derd, introduced by [94] , are frequently selected for wetlands separation.
A multiple classifier system to improve classification accuracy of wetlands using SAR data
So far, numerous classification algorithms have been developed to classify various land covers, each containing its own advantages and limitations. Random Forest algorithm has proved its high potential for wetland classification in many studies (e.g. [40, 26, 61] ). However, the most promising approach to obtain a high classification accuracy is fusing different classifiers in a way that the advantages of each are ensembled. The obtained ensemble classifier is called multiple classifier system (MCS [38, 95] ). The system is more important when classifying complex landscapes, such as wetlands, because achieving high accuracy for individual classes is significantly challenging in these cases. This becomes even more serious when only SAR data are applied for discriminating wetlands. There are several studies which developed new MCSs to improve the classification accuracy of similar Figure 3 . Proposed multiple classifier system by Amani et al. [38] to improve the classification accuracy of the complex environments.
landscapes (e.g. [96, 97] ). Regarding wetland classification, Amani et al. [38] proposed a novel MCS to increase wetland classification accuracy using only SAR data in NL, Canada, in terms of both individual class and overall accuracies. The system initially removes poor classifiers and selects the best classification algorithm to identify each wetland class. Then, the final label is selected for each random pixel/object using the class label decision criteria introduced by the authors. The flowchart of the proposed MCS along with the corresponding criteria is illustrated in Figure 3 . The proposed MCS outperformed the single classifiers and produced the highest producer and user accuracies for almost all wetland and non-wetland classes. It also increased the overall classification accuracy and kappa coefficient by 5-8a n d9 -16%, respectively.
Conclusion
Wetlands are productive and diverse ecosystems providing numerous ecological services that are biologically important as well as playing a key role in surface water hydrology and flood risk. Wetlands are and have been threatened by land-use conversion, increased urbanization, industrial development, and climate change, resulting in more than half of the world's wetlands threatened, damaged, or destroyed. Earth observation provides a new cost-effective approach to mapping wetlands to aid in their management especially in remote and difficult to access regions. A combination of optical and SAR data provides adequate input data to use an object-based classification with machine learning algorithms such as Random Forest resulting in classification accuracies exceeding 90% for study sites in Newfoundland/Labrador.
For more details on some of the information discussed in this chapter, please refer to our published papers [3, 26, 38, 40-42, 45-48, 50, 51, 61, 64, 68, 69, 98-100] . While [42] is a literature review paper on the use of interferometric synthetic aperture radar (InSAR) data for water level monitoring of wetlands, the rest mainly introduces new machine learning methods for wetland classification using optical, SAR data, or the combination of both.
